The main challenge in software industry is the process of estimating the cost required for the development or maintenance of a project. Various models have been proposed for constructing a relationship between size of software and its development effort. Various algorithmic cost estimation models exists with their own pros and cons for estimation. Now a days, attention has turned towards Machine learning techniques as few of the problems associated with previous models are being addressed by the soft computing techniques. But, the need for accurate effort estimation in software project management is still a challenge. The literature shows the usage of Fuzzy Logic Controller for Software Effort Estimation, but the computational time is very high as the rulebase is large. The main aim is to reduce the rulebase and improve the efficiency by cascading of Fuzzy Logic Controllers. A case study on NASA 93 dataset is taken for this purpose. The Proposed work is carried out by cascading the Fuzzy Logic Controllers in a stage of two and six for Software Effort Estimation. By increasing the cascading of Fuzzy Logic Controllers, the efficiency has been improved with the minimized size in rulebase. The limitation to this process is to find out the correct number of cascaded Fuzzy Logic Controllers. To overcome this a Fuzzy Model using Subtractive Clustering has been proposed. The rulebase of the models developed by using Subtractive Clustering is further reduced. Considering the rule minimization and the various criteria for assessment, Fuzzy Models developed using Subtractive Clustering provides better software development effort estimates.
Introduction
Since the proposal of Fuzzy logic by Lotfi Zadeh in 1965, it was the primary focus of significant investigations. The mathematical tool, Fuzzy Logic, deals with imprecise, uncertain, unclear and vague data. Mapping input space to output space by using if-then statements called rules, is the prime theme of Fuzzy Logic. Various attempts [1, 2] were made to fuzzify a few of the current algorithmic models to handle uncertain and imprecise problems surrounding these models.
The literature shows different types of Fuzzy Logic Models [5, 7, 8, 12, 13, 14, 17, 18] for effort estimation [3, 6] . The present work focuses on developing Fuzzy Models basing on the Intermediate COCOMO factors [4] . Initially, Fuzzy Models were developed with two inputs (i.e. Mode and Size) [5, 9] and later on with three inputs (i.e. Mode, Size & Effort Adjustment Factor). The rulebase is examined to be high in both the cases. For the Fuzzy Model with two inputs, the rulebase consisted of 75 rules and for the Fuzzy Model with three inputs [11] , the rulebase has 375 rules. When the inputs to the Fuzzy Logic Controller (FLC) are increased, the rules needed to train the controller are also increased. If the rulebase is large, for every sample input being passed, all the rules of the FLC have to be checked for finding the fired rules and it is time consuming. The Computational time increases with the increase in rulebase.
For the present work, the aim is to pass 17 input parameters of NASA 93 dataset as inputs to the Fuzzy Logic Controller but stick to minimizing the rulebase. The output of the model is the estimated Effort. In case of a nominal FLC, the rulebase would be very large. Therefore cascading of FLCs is proposed to minimize the rulebase. Firstly, the work is carried out by cascading two FLCs and later on by cascading six FLCs and then examining the rulebase. The output (i.e. estimated effort) is obtained by cascading two and six Fuzzy Logic Controllers. To still explore on the possibility of minimizing the rulebase, Fuzzy Models are developed using Subtractive Clustering. Section 2 presents Cascading Two Fuzzy Logic Controllers, Section 3 presents Cascading Six Fuzzy Logic Controllers and Section 4 presents the development of Fuzzy Model using Subtractive Clustering.
Cascading Two Fuzzy Logic Controllers
The proposed Fuzzy Models were developed using the NASA 93 dataset which uses the Intermediate COCOMO equation for calculating the estimated effort. The NASA 93 dataset includes 17 input parameters. The primary inputs are Mode and Size. The secondary inputs are 15 parameters required to calculate EAF (Effort Adjustment Factor). In the cascaded FLC, to the first FLC represented as FLC1, 15 secondary inputs are passed. The output of FLC1 is EAF. To the second Fuzzy Logic Controller represented as FLC2, the primary inputs Mode, Size and the output of the FLC1 i.e. EAF are passed. The output of FLC2 is the Effort. The number of rules used for FLC2 is only 24 and for FLC1 the rulebase includes 3 rules. This reduction in rules helps in decreasing the computational time and improving the response time. By cascading two FLCs, the rulebase is reduced to 27 rules. Fig. 1 shows the Fuzzy Model developed by cascading two FLCs. 
Experimental Results of Cascading Two Fuzzy Logic Controllers
The inputs to FLC1 are 15 parameters required to calculate EAF. The output of FLC1 is EAF. The output of FLC2 is the Effort. The NASA 93 dataset is used for experimentation. The entire Fuzzy Model has 27 rules.
The assessment of Models is done using criteria like Variance Accounted For(VAF), Mean Absolute Relative Error(MARE), Variance Absolute relative Error(VARE), Mean Balance Relative Error(Mean BRE), Mean Magnitude of Relative Error(MMRE) and Prediction(Pred) [9, 10] . The criteria for assessment of the Fuzzy Model developed by cascading two FLCs is shown in Table 1 . It is observed that VAF is 99.44% and Pred(30) is 80.6%. The results of the Fuzzy Model developed by cascading two FLCs for selective projects are shown in Table 2 . Fig. 2(a) shows the assessment criteria of Fuzzy Model with two FLCs and Fig. 2(b) shows the comparison of the actual effort and the estimated effort of the developed Fuzzy Model for selective projects.
Cascading Six Fuzzy Logic Controllers
The secondary input parameters of NASA 93 dataset are broadly classified into Product, Platform, Personnel and Project [9] . Product category includes 3 input parameters, Platform category includes 4 input parameters, Personnel category includes 5 input parameters and Project category includes 3 input parameters. To reduce the rulebase, the basic idea is to pass the Product category input parameters to Fuzzy Logic Controller FLC1, pass the Platform category input parameters to Fuzzy Logic Controller FLC2, pass the Personnel category input parameters to Fuzzy Logic Controller FLC3 and pass the Project category input parameters to Fuzzy Logic Controller FLC4. The outputs of FLC1, FLC2, FLC3 and FLC4 are again passed to Fuzzy Logic Controller FLC5. The output of FLC5 is the EAF. The inputs to Fuzzy Logic Controller FLC6 are Mode, Size and EAF (i.e. output of FLC5). The output of Fuzzy Logic Controller FLC6 is the Effort. Fig. 3 shows the Fuzzy Model developed by cascading six FLCs. 
Experimental Results of Cascading Six Fuzzy Logic Controllers
A case study on NASA 93 dataset is presented. The Fuzzy Model developed has six Fuzzy Logic Controllers. The output of FLC1 is the Product data. The output of FLC2 is the Platform data. The output of FLC3 is the Personnel data. The output of FLC4 is the Project data. These four categories are passed to FLC5. The output of FLC5 is EAF. The output of FLC6 is Estimated Effort. The Fuzzy Logic Controller FLC1 has 1 rule, FLC2 has 2 rules, FLC3 has 1 rule, FLC4 has 1 rule, FLC5 has 1 rule and FLC6 has 1 rule in the rulebase. The number of rules for all the FLCs has been reduced to 7. As the rulebase is reduced the computational time is also reduced.
The criteria for assessment of the Fuzzy Model developed by cascading six FLCs is shown in Table 3 . It can be observed that, for the Fuzzy Model with six FLCs VAF is 99.45% and Pred(30) is 87.6%. The results of the Fuzzy Model developed by cascading six FLCs for selective projects of NASA 93 dataset is shown in Table 4 . Fig. 4(a) shows the assessment criteria of the Fuzzy Model with six FLCs. Fig. 4(b) shows the comparison of actual effort and the estimated effort of the developed Fuzzy Model. The results of the Fuzzy Model with six FLCs are promising but as the inputs increases, the cascading also increases which would be a tiresome process. As the cascading increases, the results would be better. But however care must be taken to cascade the correct number of FLCs. Therefore, the possibility of reducing the rulebase [16] using other techniques is also examined. The methodology adopted for further reducing the rulebase is by using the Clustering techniques [15] . The Clustering technique adopted here is Subtractive Clustering.
Subtractive Clustering
In Data Clustering, data is divided into clusters. A cluster is a set of data points with similarities [15] . Subtractive clustering is one of the better Clustering techniques. Subtractive Clustering technique uses data points as the candidates for cluster centres. This means that the computation is proportional to the problem size instead of the problem dimension. However, the actual cluster centres are not essentially located at one of the data points. But, in majority cases it is a good approximation, especially with the reduced computation this approach introduces. Let n, represent the number of data points. Since each data point is a candidate for cluster centres, a density measure at a data point xi is defined as 
where ra is a positive constant representing a neighbourhood radius. Therefore, a data point will have a high density value if it has many neighboring data points. The first cluster centre xc1 is chosen as the point having the largest density value Dc1. Next, the density measure of each data point xi is revised as follows: 
where rb is a positive constant which defines a neighbourhood that has measurable reductions in density measure. Therefore, the data points near the first cluster centre xc1 will have significantly reduced density measure. After revising the density function, the point having the greatest density value is selected as the next cluster centre. This process continues until a sufficient number of clusters are obtained.
As the clustering process is completed, the number of clusters is known. Each cluster can now be represented using one rule. In this way, the rulebase could be minimized. The Subtractive Clustering Technique is applied for Effort Estimation and the rulebase is examined.
Experimental Results Using Subtractive Clustering for Effort Estimation
Fuzzy Model is developed using Subtractive Clustering technique. The "genfis2" function in MATLAB is used for this purpose. The function genfis2 creates a Fuzzy Model using Subtractive Clustering technique. A radii of 1.51 is used for this purpose. For the present case study on NASA 93 dataset with 17 input parameters, the data is divided into 3 clusters. The cluster centers' are mapped to the rules required. The rulebase consists of 3 rules. As, the rules are only 3, there is a good reduction in the number of rules and the computational time is highly reduced and the efficiency is improved.
The criteria for assessment of the Fuzzy Model developed using Subtractive Clustering for the NASA 93 dataset is depicted in Table 5 . The Fuzzy Model developed using Subtractive Clustering produced VAF of 99.5% and Prediction of 91.4%. The Effort Estimations of the Fuzzy Model developed using subtractive Clustering for selective projects is shown in Table 6 . Fig 5(a) shows the assessment criteria of the Fuzzy Model developed using Subtractive Clustering. Fig 5(b) shows the comparison of actual effort and the estimated effort of the Fuzzy Model developed using Subtractive Clustering. 
Conclusion
In this paper, the application of Fuzzy Logic to Software Effort Estimation is discussed. The dataset used for this purpose is the NASA 93 dataset. The rulebase and the various criteria for assessment of the Fuzzy Models developed by cascading two FLCs and six FLCs are examined. The Fuzzy Models developed by cascading six FLCs provided better software development effort estimates. As the cascading increases, the results would be better. But however care must be taken to cascade the correct number of FLCs. An alternative to this approach is, the development of a Fuzzy Model using Subtractive Clustering. This model have shown a VAF of 99.5% MARE of 3.4,VARE of 27.1, Mean BRE of 0.11, MMRE of 18.66 and a Pred(30)% as 91.4%. Considering the rule minimization and various criteria for assessment of the models, Fuzzy Model developed using Subtractive Clustering provided better software development effort estimates and has only 3 rules. As the rules are minimized, the Computational Time is reduced and hence the efficiency is highly improved. It can be concluded that the Fuzzy Model developed using Subtractive Clustering technique provided accurate software effort estimates.
